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ABSTRACT 

Spike-triggered averaging  is a commonly used technique for the estimation of motor unit twitches 

during voluntary contractions, although the obtained twitch estimates are known to be inaccurate in 

several conditions. Nevertheless, it is commonly assumed that a careful selection of the triggers 

may reduce the inaccuracy. This study aimed to analyze the impact of trigger selection criteria and 

thereby to identify the minimum estimation errors using a computational neuromuscular model. 

Force signals of five-minute duration were simulated at 10 contraction levels between 1 and 30% of 

the maximal voluntary contraction level (MVC) for motor unit pools of varying size (100, 300, and 

800 motor units). Triggers were selected based on the inter-spike intervals (minimal value: 90-175 

ms) and the number of triggers (minimal value: 100-800). The simulation results indicated that a 

minimum of 400 triggers with inter-spike intervals >125 ms are needed to achieve the most accurate 

twitch estimates. Even under these conditions, however, a substantial estimation error remained 

(11.8-31.2% for different twitch parameters for simulations with 100 motor units). The error 

increased with the innervation number. The study demonstrates the fundamental inaccuracy of 

twitch estimates from spike-triggered averaging, which has important implications for our 

understanding of muscular adaptations.  

 

INTRODUCTION 

The output of the neuromuscular system is determined by the activity of the motor units and their 

contractile properties. For this reason, the pattern of motor unit action potentials (recruitment, rate 

coding) during voluntary contractions and the characteristics of the contractile response to action 

potentials (motor unit twitch) have been extensively studied. Examples of such studies include 

investigations of the effect of acute and chronic adaptations such as e.g. muscle fatigue (Carpentier 

et al., 2001), pain (Farina et al., 2008), training (Van Cutsem et al., 1998) on these parameters. The 

discharge patterns of a subset of the active motor units can be identified in an unbiased way by 

decomposing intramuscular and/or surface electromyographic (EMG) signals (Marateb et al., 2011; 

McGill et al., 2005; Negro et al., 2016).  Accurate estimates of the motor unit twitches during 

voluntary contractions, however, are more difficult to obtain. Typically, the twitch is estimated 

using spike-triggered averaging (STA), which involves averaging muscle force in short windows 

centered around the motor unit discharges (triggers) (Buchthal and Schmalbruch, 1970; Stein et al., 



1972), enabling calculation of the twitch properties such as amplitude, contraction time and half 

relaxation time. The estimated twitch parameters from the STA technique, however, has been 

shown to be inaccurate in several conditions (Lim et al., 1995; Negro et al., 2014; Taylor et al., 

2002).  

There are two fundamental sources of errors in the twitch estimates from the STA. First, when the 

inter-spike intervals of the trigger motor unit are sufficiently short, the consequent twitch 

summation may distort the twitch estimate. The phenomenon has been demonstrated experimentally 

by applying STA to the force evoked by electrically stimulated twitches of single motor axons at 

different frequencies (Calancie and Bawa, 1986; Thomas et al., 1990). Specifically, these studies 

found that increasing the frequency of action potentials implied an underestimation of the twitch 

properties. Accordingly, the length of the ISI before and after each trigger substantially impacts the 

twitch estimate during voluntary contractions (Gossen et al., 2003; Milner-Brown et al., 1973; 

Nordstrom et al., 1989). These observations have led to some studies imposing a minimum inter-

spike interval (ISI-threshold; range: 100-150 ms) as inclusion criteria for triggers (Farina et al., 

2008, 2005; Roatta et al., 2008; Van Cutsem et al., 1998). However, a recent investigation showed 

that this strict selection may even be detrimental for the estimation in some conditions (Negro et al., 

2014). Second, the force produced by other motor units imposes noise on the estimate of the target 

unit twitch. Under the assumption that the forces produced by different motor units are 

uncorrelated, a sufficient number of triggers should largely reduce this error. Moreover, a certain 

number of triggers is necessary to account for the natural short-term variability in the twitch shape 

(Celichowski et al., 2014). Consequently, most studies have imposed a lower limit for the number 

of triggers (trigger-threshold), but this limit varies largely across different study, e.g. <50 

(Carpentier et al., 2001; Stephens and Usherwood, 1977), a few hundreds (Farina et al., 2008, 2005; 

Milner-Brown et al., 1973; Van Cutsem et al., 1998), and >1000 (Roatta et al., 2008; Semmler et 

al., 2000). The assumption of uncorrelated forces generated by different motor units, however, is 

violated when motor unit synchronization is present, which is usually the case during voluntary 

contractions (Keen et al., 2012). In general, high levels of motor unit synchronization impair 

accurate twitch estimation (Negro et al., 2014; Taylor et al., 2002).  

Although the limitations of the STA technique have been well documented, many studies implicitly 

assume that STA is able to provide reliable estimates of twitch properties if the triggers are selected 

based on specific criteria. However, the appropriate values for the ISI- and number of trigger-



thresholds as well as the relative magnitude of the errors in the estimated twitch properties that can 

be expected in the optimal case are unknown. In this study, we used a computational model to 

systematically investigate the quality of the estimates of twitch properties by STA obtained with 

different values of these thresholds and across a number of realistic conditions.  

 

METHODS 

Simulations 

The study adopted the model of motor unit activity and isometric force generation developed by 

(Fuglevand et al., 1993) with the distribution of minimum and peak discharge rates proposed by 

(Barry et al., 2007). As in other more recent applications of this model, the variability in the timing 

of the discharges was introduced by adding Gaussian noise to the motor neuron input  (Dideriksen 

et al., 2012, 2010). The magnitude of this noise was scaled to obtain a coefficient of variation for 

inter-spike intervals between 10% and 30% (Clamann, 1969; Moritz et al., 2005). The number of 

motor units in the model was set to 100, 300, or 800 representing the range of motor unit numbers 

for typical small and large muscles (Heckman and Enoka, 2004).  

For each type of muscle, simulations were carried out with 10 different excitation levels (1, 2, 3, ..., 

10), evoking a range of contraction levels below 30% of the maximum voluntary contraction level 

(MVC). Each simulation had a duration of 300 s. For each excitation level, simulations were carried 

out with or without a relation between twitch amplitude and contraction time. As in the original 

model, the relation between these parameters was modelled by a power function (Fuglevand et al., 

1993).  

Analysis 

For each motor unit, the number of motor unit discharges for which the ISI were below the pre-

assigned threshold (ISI-threshold) were excluded as suitable triggers. If the number of the included 

motor unit discharges was larger than the pre-assigned threshold of number of triggers (trigger-

threshold), spike-triggered averaging was performed for the included motor unit twitch. The spike-

triggered averaging involved selecting windows from the muscle force (duration: 600 ms), starting 

at the time of each trigger and calculating the average force across all windows. In this way, the 

average recurrent twitch waveform following each motor unit discharge was estimated. From each 



of these estimated motor unit twitches, the peak amplitude (maximum value in the first 150 ms), the 

contraction time (time to reach the maximum value in the first 150 ms) was calculated, and the half 

relaxation time (time from the peak amplitude to the twitch estimate has half that amplitude). In 

each simulation, spike-triggered averaging was performed with 18 different ISI-thresholds (90, 95, 

100, ..., 175 ms) and four different trigger-thresholds (100, 200, 400, 800). The trigger-threshold 

also served as the maximum number of motor unit discharges included, which implied that 

additional motor unit discharges that complied with the ISI-threshold were excluded once the 

trigger-threshold was reached. This procedure was implemented to ensure the consistency of the 

calculated results across simulations with different discharge properties. 

The calculations described above were performed at each contraction level and resulted in a vector 

with the estimated twitch parameters for each individual motor unit that was included. If the same 

motor unit fulfilled the inclusion criteria in more than one contraction level, one estimate was 

randomly selected for further analysis. For each motor unit twitch estimation, the normalized 

rectified error of twitch amplitude, contraction time, and half relaxation time were calculated. 

Across the population of motor units, the two estimated parameters were log-log transformed (to 

linearize their relation) and linear regression was applied. This procedure was repeated 20 times to 

accommodate the random selection of parameters for motor units included in more than one 

contraction level. The average value for the normalized errors and correlation coefficients across the 

20 repetitions were calculated.  

 

RESULTS 

Figure 1 shows an example of the output of the simulations with 300 motor units. Across the 10 

simulations, the contraction level varied between 0.5% MVC to 29% MVC (Fig. 1A). The number 

of recruited motor units and their discharge rates increased at higher contraction levels (Fig. 1B). At 

the highest simulated contraction levels (>20% MVC), all motor units were recruited, although the 

largest motor units were only active sporadically due to fluctuations in the synaptic noise (i.e. the 

average discharge rates were below their assigned minimum discharge rates). Figure 1C shows the 

range of motor units for which at least 400 accepted triggers with ISI-thresholds above 110 ms 

occurred across the simulations. At the low contraction levels, only the smallest motor units could 

fulfil the criteria for inclusion. On the other hand, at higher force levels, the discharge rates of the 



same motor units were too high to allow 400 triggers within the ISI limits (>110 ms). Using this 

combination of the two inclusion criteria (ISI-threshold: 110 ms; trigger-threshold: 400), almost all 

(293/300) motor units were included in the analysis for at least one of the 10 simulated contraction 

levels, while some motor units fulfilled the criteria at more than one contraction level. When the 

values for the two thresholds increased, however, the number of included motor units and the 

occurrence of motor units included at multiple simulations decreased.  

Figure 2 illustrates the process of spike-triggered averaging for one simulated motor unit (ISI-

threshold: 110 ms). When the twitch estimate was derived from only a few triggers, substantial 

errors were observed for the three twitch properties (Fig. 2B, 2C, 2D). In this case, the estimates of 

twitch amplitude and contraction time tended to converge to a stable value at approximately 200 

triggers. Whereas the estimates of twitch amplitude and half relaxation time underestimated those of 

the real twitch, the estimated contraction time converged to a near-correct value in this example.  

Figures 3 shows the actual and estimated motor unit twitch parameters (amplitude and contraction 

time) for all included motor units (ISI-threshold: 140 ms, trigger-threshold: 400) in simulations with 

100 motor units. In this way, the figure contain estimates of twitch properties from simulations at 

all 10 contraction levels. Overall, the estimates are relatively accurate, as indicated by the average 

normalized rectified errors (twitch amplitude: 15.5%, contraction time 13.9%) and by the relation 

between the estimated amplitude and contraction time (similarity between grey and black line). The 

average error in half relaxation time (not shown), however, was 63.7%. Slow, low-amplitude units 

tended to display the largest errors. Figure 4 compiles the average normalized rectified errors for all 

three twitch parameters as functions of the ISI- and trigger-thresholds for simulations with 300 

motor units. At low values for the ISI-threshold, the errors were high, but decreased steadily when 

this threshold was increased. Table 1 shows the average ISI-threshold required for the errors to be 

within 25% of the minimum error. For simulations with 300 motor units (as shown in Figure 4), this 

critical value for the ISI-threshold was 135-140 ms. Furthermore, an increase in the trigger-

threshold implied a decrease in the error for all parameters. When the ISI-threshold was assigned 

values > 145 ms, none of the motor units in any of the simulations displayed 800 triggers. For this 

reason, the lines indicating errors estimated with trigger-threshold=800 are only shown for ISI-

thresholds between 90 and 145 ms.   

Figure 5 shows the average errors in the twitch parameters calculated with ISI-thresholds above the 

critical values (Table 1) across the trigger-thresholds. As also indicated by Figure 4, an increase in 



the trigger-threshold improves the estimate of the twitch parameter. In some cases, however, the 

estimates are worse at 800 triggers compared to 400 triggers. This reflects that only a small subset 

of the motor units were included when 800 triggers were required (5-8% of the motor unit pool, as 

opposed to >75% of the motor unit pool at 400 triggers). Together, the results illustrated in Table 1, 

Figure 4, and 5 indicate the optimal thresholds for STA. Figure 6 summarizes the average errors in 

the estimated twitch parameters when these optimal thresholds were applied. For all three 

parameters, the errors increased with the number of motor units. For muscles innervated by 100 

motor neurons average errors of 13.2% and 11.8% were found for twitch amplitude and contraction 

time, respectively. Accordingly, the correlation coefficient for the log-log transformed linear 

relation between estimates of twitch amplitude and contraction time was -0.73, -0.47, and -0.29 for 

simulations with 100, 300, and 800 motor units, respectively. For half relaxation time, the error at 

100 motor units was 31.2%.  

 

DISCUSSION 

In this study, we analysed the ability of the STA technique to provide accurate estimates of motor 

unit twitches using a computational model of the neuromuscular system. In general, the results 

showed a significant bias in the estimation of peak twitch force, contraction time, and half 

relaxation time, for all simulated conditions. This observation is in line with a number of previous 

investigations (Lim et al., 1995; Negro et al., 2014; Taylor et al., 2002), but this study demonstrated 

for the first time that accurate twitch estimation by STA cannot be achieved by optimally selecting 

inclusion criteria for triggers in typical physiological conditions. The results showed that the 

optimal criteria include a minimum of 400 triggers (Figure 5) with inter-spike intervals of at least 

125 ms (Table 1). The ISI-thresholds, however, depended on the size of the motor unit pool and the 

twitch parameter in question. Consequently, ISI-thresholds >130 ms were required for optimal 

twitch estimates in most simulated conditions. In a similar way, the minimum estimation error 

depended on the number of motor units. For a muscle innervated by 100 motor neurons, normalized 

errors in the range 10-15% could be achieved for estimated twitch amplitude and contraction time, 

provided that appropriate trigger- and ISI-thresholds were applied. Innervation numbers around 

100, however, are only observed for few, small muscles, whereas most muscles have higher 

innervation numbers (Heckman and Enoka, 2004). This implies inevitably higher estimation errors 

(Figure 6). This reflects that in STA, the force produced by other motor units represents a noise 



term, and that magnitude of this noise increases with the number of motor units. Finally, the results 

indicated that the error in the estimated twitch half relaxation time was always substantially higher 

compared to the other twitch parameters (>30%; Figure 6), as previously reported (Negro and 

Orizio, 2017). Importantly, it should be noted that these results reflect conditions without motor unit 

synchronization, which, if present to a sufficient degree, further corrupts the twitch estimates by 

STA (Kutch et al., 2007; Taylor et al., 2002). 

The results casts doubt on the current knowledge on motor unit twitch properties and their 

adaptations, since several previous studies applied STA with sub-optimal ISI- and trigger-

thresholds. For example, an inverse relation between twitch amplitude and contraction time were 

presented by Stephens and Usherwood (1977), but the average ISI was 100 ms and in the number of 

triggers were <100 in many trials. As shown in Figure 4, these settings likely implied large 

estimation errors. Interestingly, studies using intraneural stimulation have not always been able to 

confirm this relation (Fuglevand, 2011). Furthermore, the current results indicate that for large 

muscles the uncertainty related to STA may mask such a relation when present. Another example 

relates to strength training, where the observed adaptations in the motor unit twitches were likely to 

have been biased by the applied ISI-threshold of 100 ms with fewer than 400 triggers (Van Cutsem 

et al., 1998). Finally, it should be noted that, even when appropriate thresholds are applied, a 

substantial estimation error remains (Figure 6), which implies a risk of misinterpretation. For 

example, Roatta et al. (2008) found a 15% change in twitch half relaxation time in response to 

sympathetic activation using an ISI-threshold of 125 and >1,000 triggers. Although, these 

thresholds are close to the optimal values, the identified difference in half relaxation time is well 

below the minimum expected error for this parameter (>30% in our study).  

The rationale for applying ISI-thresholds is to minimize overlap between consecutive motor unit 

twitches. Consequently, the optimal ISI-threshold depends on the twitch duration of the trigger 

motor unit (Nordstrom et al., 1989). Twitch durations varies substantially across the motor unit 

pool, but since the properties of the trigger unit are not known until after STA is performed, the ISI-

threshold must be conservatively selected. In this way, an optimal estimate of the twitch will be 

obtained irrespective of its duration. This study indicates that this threshold is 130-150 ms which is 

equivalent to an average discharge rate of approximately 6-8 pps. Conversely, the minimum 

discharge rate for some motor units (presumably mainly high-threshold units) are >10 pps (Moritz 

et al., 2005). However, since motor unit discharges are highly variable at recruitment (Matthews, 



1996; Moritz et al., 2005), it may still be possible to obtain the necessary amount acceptable 

triggers if the duration of the contraction is sufficient. Additionally, Negro et al. 2014 have shown 

that high variability of the ISI can minimize bias in the twitch estimation. On the other hand, long 

contraction durations may be problematic when investigating twitch properties and their 

adaptations. Specifically, twitch potentiation (Vandervoort et al., 1983) and muscle fatigue 

(Bigland-Ritchie et al., 1986) progressively alter twitch shape during sustained contractions. 

Furthermore, when investigating adaptations in the twitch shape to e.g. muscle pain (Farina et al., 

2008), standard pain models cannot maintain a stable pain intensity for more than a few minutes.   

These considerations strongly indicate the need of more reliable and robust methods for twitch 

estimation. A few alternative methods based on system identification techniques have been 

previously proposed to overcome the limitations of the traditional STA technique in human 

(Andreassen and Bar-On, 1983; Kutch et al., 2010; Lim et al., 1995; Orizio et al., 2016) and in 

animal recordings (Drzymała-Celichowska et al., 2016). Recently, an advanced method have been 

proposed and it has demonstrated the ability to accurately estimate the averaged twitch parameters 

of a relatively small population of motor units (Negro and Orizio, 2017). The method is based on a 

model-based deconvolution of the recorded force signal using the identified discharge times of a 

relatively small (tens) population of motor units. Using the information of the discharge times of 

multiple motor units and a flexible twitch model, it is able to solve the inverse problem and estimate 

the averaged twitch profile overcoming the bias introduced by the mean discharge rate of the units. 

Moreover, in simulations and experimental recordings, it showed less sensitivity to motor unit 

synchronization and low trigger number compared to the standard STA technique. 

The modelling approach adopted for this study involves a number of advantages but also some 

limitations. The main advantages includes that the true twitch properties are known and can act as a 

direct reference for the estimated twitch properties. Furthermore, the model allows for systematic 

evaluation of the effect of different parameters such as innervation number without bias from e.g. 

twitch adaptations (e.g. fatigue), motor unit synchronization, and force generated by synergistic 

muscles. On the other hand, this approach requires that the model is an accurate representation of 

the physiological system. For example, it was recently shown that another computational model of 

motor unit force provides a poor estimate of tetanic forces generated by slow twitch motor units 

(Raikova et al., 2016). The model used in this study (Fuglevand et al., 1993), however, has 



previously been used for a wide range of applications (e.g. (Herbert and Gandevia, 1999; Jones et 

al., 2002; Taylor et al., 2002)).  

In conclusion, the simulation results indicate that estimation of twitch properties using STA is 

unreliable even when conservative selection criteria for triggers are employed. In addition, the 

estimation errors depend on the muscle innervation number. These findings indicate the need for 

new methods for twitch estimation of individual motor unit and the re-evaluation of some aspects of 

our understanding of twitch properties and their adaptations.  

 

ACKNOWLEDGEMENTS  

F. Negro was funded by the European Union’s Horizon 2020 research and innovation programme 

under the Marie Skłodowska-Curie grant agreement No 702491 (NeuralCon). 

 

REFERENCES 

Andreassen, S., Bar-On, E., 1983. Estimation of Motor Unit Twitches. IEEE Trans. Biomed. Eng. 

BME-30, 742–748. 

Barry, B.K., Pascoe, M.A., Jesunathadas, M., Enoka, R.M., 2007. Rate coding is compressed but 

variability is unaltered for motor units in a hand muscle of old adults. J. Neurophysiol. 97, 

3206–3218. 

Bigland-Ritchie, B.R., Dawson, N.J., Johansson, R.S., Lippold, O.C.J., 1986. Reflex origin for the 

slowing of motoneurone firing rates in fatigue of human voluntary contractions. J. Physiol. 

Vol. 379, 451–459. 

Buchthal, F., Schmalbruch, H., 1970. Contraction Times and Fibre Types in Intact Human Muscle. 

Acta Physiol. Scand. 79, 435–452. 

Calancie, B., Bawa, P., 1986. Limitations of the spike-triggered averaging technique. Muscle Nerve 

9, 78–83. 

Carpentier, A., Duchateau, J., Hainaut, K., 2001. Motor unit behaviour and contractile changes 

during fatigue in the human first dorsal interosseus. J. Physiol. 534, 903–912. 

Celichowski, J., Raikova, R., Aladjov, H., Krutki, P., 2014. Dynamic changes of twitchlike 

responses to successive stimuli studied by decomposition of motor unit tetanic contractions in 

rat medial gastrocnemius. J. Neurophysiol. 112, 3116–3124.  

Clamann, H.P., 1969. Statistical analysis of motor unit firing patterns in a human skeletal muscle. 

Biophys. J. 9, 1233–1251. 

Dideriksen, J.L., Farina, D., Baekgaard, M., Enoka, R.M., 2010. An integrative model of motor unit 

activity during sustained submaximal contractions. J. Appl. Physiol. 108, 1550–1562. 

Dideriksen, J.L., Negro, F., Enoka, R.M., Farina, D., 2012. Motor unit recruitment strategies and 

muscle properties determine the influence of synaptic noise on force steadiness. J. 

Neurophysiol. 107, 3357–3369. 



Drzymała-Celichowska, H., Kaczmarek, P., Krutki, P., Celichowski, J., 2016. Summation of slow 

motor unit forces at constant and variable interpulse intervals in rat soleus muscle. J. 

Electromyogr. Kinesiol. 30, 1–8. 

Farina, D., Arendt-Nielsen, L., Graven-Nielsen, T., 2005. Spike-triggered average torque and 

muscle fiber conduction velocity of low-threshold motor units following submaximal 

endurance contractions. J. Appl. Physiol. 98, 1495–1502. 

Farina, D., Arendt-Nielsen, L., Roatta, S., Graven-Nielsen, T., 2008. The pain-induced decrease in 

low-threshold motor unit discharge rate is not associated with the amount of increase in spike-

triggered average torque. Clin. Neurophysiol. 119, 43–51. 

Fuglevand, A.J., 2011. Mechanical properties and neural control of human hand motor units. J. 

Physiol. 589, 5595–5602. 

Fuglevand, A.J., Winter, D.A., Patla, A.E., 1993. Models of recruitment and rate coding 

organization in motor-unit pools. J. Neurophysiol. 70, 2470–2488. 

Gossen, E.R., Ivanova, T.D., Garland, S.J., 2003. Factors affecting the stability of the spike-

triggered averaged force in the human first dorsal interosseus muscle. J. Neurosci. Methods 

126, 155–164. 

Heckman, C.J., Enoka, R.M., 2004. Physiology of the motor neuron and the motor unit, in: Eisen, 

A. (Ed.), Neurophysiology of Motor Neuron Diseases, Handbook of Clinical Neurophysiology, 

Vol. 4. Elsevier B V, Amsterdam, pp. 119–147. 

Herbert, R.D., Gandevia, S.C., 1999. Twitch interpolation in human muscles: mechanisms and 

implications for measurement of voluntary activation. J. Neurophysiol. 82, 2271–2283. 

Jones, K.E., Hamilton, A.F., Wolpert, D.M., 2002. Sources of signal-dependent noise during 

isometric force production. J. Neurophysiol. 88, 1533–1544. 

Keen, D. a, Chou, L.-W., Nordstrom, M. a, Fuglevand, A.J., 2012. Short-term synchrony in diverse 

motor nuclei presumed to receive different extents of direct cortical input. J. Neurophysiol. 

108, 3264–3275. 

Kutch, J.J., Kuo, A.D., Rymer, W.Z., 2010. Extraction of Individual Muscle Mechanical Action 

From Endpoint Force. J. Neurophysiol. 103, 3535–3546. 

Kutch, J.J., Suresh, N.L., Bloch, A.M., Rymer, W.Z., 2007. Analysis of the effects of firing rate and 

synchronization on spike-triggered averaging of multidirectional motor unit torque. J. Comput. 

Neurosci. 22, 347–361. 

Lim, K.Y., Rymer, W.Z., Thomas, C.K., 1995. Computational methods for improving estimates of 

motor unit twitch contraction properties. Muscle Nerve 18, 165–174. 

Marateb, H.R., McGill, K.C., Holobar, A., Lateva, Z.C., Mansourian, M., Merletti, R., 2011. 

Accuracy assessment of CKC high-density surface EMG decomposition in biceps femoris 

muscle. J. Neural Eng. 8, 66002. 

Matthews, P.B., 1996. Relationship of firing intervals of human motor units to the trajectory of 

post-spike after-hyperpolarization and synaptic noise. J. Physiol. 492, 597–628. 

McGill, K.C., Lateva, Z.C., Marateb, H.R., 2005. EMGLAB: An interactive EMG decomposition 

program. J. Neurosci. Methods 149, 121–133. 

Milner-Brown, H.S., Stein, R.B., Yemm, R., 1973. The contractile properties of human motor units 

during voluntary isometric contractions. J. Physiol. 228, 285–306. 

Moritz, C.T., Barry, B.K., Pascoe, M.A., Enoka, R.M., 2005. Discharge rate variability influences 

the variation in force fluctuations across the working range of a hand muscle. J. Neurophysiol. 

93, 2449–2459. 

Negro, F., Muceli, S., Castronovo, A.M., Holobar, A., Farina, D., 2016. Multi-channel 

intramuscular and surface EMG decomposition by convolutive blind source separation. J. 

Neural Eng. 13. 



Negro, F., Orizio, C., 2017. Robust estimation of average twitch contraction forces of populations 

of motor units in humans. J. Electromyogr. Kinesiol. 37, 132–140. 

Negro, F., Yavuz, U.Ş., Farina, D., 2014. Limitations of the spike-triggered averaging for 

estimating motor unit twitch force: A theoretical analysis. PLoS One 9. 

Nordstrom, M.A., Miles, T.S., Veale, J.L., 1989. Effect of motor unit firing pattern on twitches 

obtained by spike‐ triggered averaging. Muscle Nerve 12, 556–567. 

Orizio, C., Cogliati, M., Bissolotti, L., Diemont, B., Gobbo, M., Celichowski, J., 2016. The age 

related slow and fast contributions to the overall changes in tibialis anterior contractile features 

disclosed by maximal single twitch scan. Arch. Gerontol. Geriatr. 66, 1–6.  

Raikova, R., Aladjov, H., Krutki, P., Celichowski, J., 2016. Estimation of the error between 

experimental tetanic force curves of MUs of rat medial gastrocnemius muscle and their models 

by summation of equal successive contractions. Comput. Methods Biomech. Biomed. Engin.  

Roatta, S., Arendt-Nielsen, L., Farina, D., 2008. Sympathetic-induced changes in discharge rate and 

spike-triggered average twitch torque of low-threshold motor units in humans. J. Physiol. 586, 

5561–5574. 

Semmler, J.G., Steege, J.W., Kornatz, K.W., Enoka, R.M., 2000. Motor-Unit Synchronization Is 

Not Responsible for Larger Motor-Unit Forces in Old Adults. J. Neurophysiol. 84, 358–366. 

Stein, R.B., French, A.S., Mannard, A., Yemm, R., 1972. New methods for analysing motor 

function in man and animals. Brain Res. 40, 187–192. 

Stephens, J.A., Usherwood, T.P., 1977. The mechanical properties of human motor units with 

special reference to their fatiguability and recruitment threshold. Brain Res. 125, 91–97. 

Taylor, A.M., Steege, J.W., Enoka, R.M., 2002. Motor-unit synchronization alters spike-triggered 

average force in simulated contractions. J. Neurophysiol. 88, 265–276. 

Thomas, C.K., Bigland-Ritchie, B., Westling, G., Johansson, R.S., 1990. A comparison of human 

thenar motor-unit properties studied by intraneural motor-axon stimulation and spike-triggered 

averaging. J. Neurophysiol. 64, 1347–51. 

Van Cutsem, M., Duchateau, J., Hainaut, K., 1998. Changes in single motor unit behaviour 

contribute to the increase in contraction speed after dynamic training in humans. J. Physiol. 

513 ( Pt 1, 295–305. 

Vandervoort, A.A., Quinlan, J., McComas, A.J., 1983. Twitch potentiation after voluntary 

contraction. Exp. Neurol. 81, 141–152. https://doi.org/10.1016/0014-4886(83)90163-2 

 

 

  



TABLES 

Table 1: Optimal ISI-thresholds for the three twitch parameters across simulations with different 

number of motor units (MUs)  

 100 MUs 300 MUs 800 MUs 

Amplitude 150 ms 140 ms 130 ms 

Contraction time 140 ms 135 ms 125 ms 

Half relaxation time 160 ms 140 ms 130 ms 

 

 

  



FIGURE CAPTIONS 

Figure 1: The simulated forces (A), the average discharge rates (B) and the range of motor units that 

complied with one set of inclusion criteria (ISI-threshold = 110 ms, trigger-threshold=400) across 

all simulated contraction levels (C). In this case, most motor units (293/300) were included in at 

least one contraction level. The simulations presenting the lowest average force in panel A 

corresponds to the lowest average discharge rate in panel B, and so forth for higher and higher 

contraction levels.  

Figure 2: The twitch waveform estimated by spike-triggered averaging with 50, 200, or 800 triggers 

(different shades of grey; A). The ISI-threshold was 110 ms. The real twitch (motor unit #140) is 

superimposed (thin dashed line). The estimated twitch amplitude (B), contraction time (C), and half 

relaxation time (D) are shown as functions of the number of triggers. Here, the dashed lines 

represent the parameters from the real twitch.  

Figure 3: Scatter plot of the real (grey line) and estimated (black circles) motor unit twitch 

parameters (A). The black line represents the best fit to the estimated data using a power-function. 

Panels B and C show the mean±SD of the normalized, rectified errors in the estimates of twitch 

amplitude and contraction time across the range of real values for the two parameters. The data 

shown in the figure represents simulations 100 motor units. ISI-threshold was set to 140 ms and the 

trigger-threshold was 400.  

Figure 4: Average normalized, rectified errors for twitch amplitude (A), contraction time (B) and 

half relaxation time (C) as a function of the ISI-threshold for all trigger-thresholds. The data shown 

in the figure represents simulations 300 motor units. 

Figure 5: Average normalized, rectified errors for twitch amplitude (A), contraction time (B) and 

half relaxation time (C) as a function of the trigger-threshold for ISI-thresholds at or higher than the 

value required for the error to be <25% above the minimum error (see Table 1).  

Figure 6: Average normalized, rectified errors for twitch amplitude (A), contraction time (B) and 

half relaxation time (C) estimated using the optimal values for ISI-threshold and trigger-threshold 

across the different numbers of motor units.  

 

 

 



 

Motor unit
0 100 200 300

0

4

8

12

16

A
v
e

ra
g

e
 d

is
c
h

a
rg

e
 r

a
te

 (
p

p
s
)

Time (s)
0 60 120 180

0

5

10

15

20

25

30

35

F
o

rc
e

 (
%

 M
V

C
)

Force (% MVC)

0 10 20 30
0

100

200

300

M
o

to
r 

u
n

it

A B C

Dideriksen & Negro, Figure 1

 
 

 

 

 

Triggers

0 200 400 600 800
0

5

10

Triggers

0 200 400 600 800
0

50

100

Triggers

0 200 400 600 800
0

50

100

A
m

p
lit

u
d

e 
(A

U
)

C
o

n
tr

ac
ti

o
n

 t
im

e 
(m

s)
H

al
f r

el
ax

at
io

n
 t

im
e 

(m
s)

Time (ms)

0 100 200 300
-4

-2

0

2

4

6

8

10

12

50 triggers

800 triggers

200 triggers

Fo
rc

e 
(A

U
)

A B

C

D

Dideriksen & Negro, Figure 2

 
 



0

20

40

60

80

100

120

Normalized error (%)

0 20 40

Amplitude

0 20 40 60 80 100

0

10

20

30

Amplitude

0 20 40 60 80 100
0

20

40

60

80

100

120

C
o

n
tr

ac
ti

o
n

 t
im

e 
(m

s)

C
o

n
tr

ac
ti

o
n

 t
im

e 
(m

s)

N
o

rm
a

liz
e

d
 e

rr
o

r 
(%

)

A

B

C

Dideriksen & Negro, Figure 3

 
 

 

ISI-threshold (ms)

100 120 140 160 180
0

20

40

60

80

100

ISI-threshold (ms)

100 120 140 160 180
0

50

100

150

ISI-threshold (ms)

100 120 140 160 180
0

20

40

60

80

100

100 triggers

200 triggers

400 triggers

800 triggers

A
m

p
lit

u
d

e 
er

ro
r 

 (
%

)
C

o
n

tr
ac

ti
o

n
 t

im
e 

er
ro

r 
 (

%
)

H
al

f r
el

ax
at

io
n

 t
im

e 
er

ro
r 

 (
%

)

B

A

C

Dideriksen & Negro, Figure 4

 
 

 



Trigger-threshold

0 200 400 600 800
0

10

20

30

40

50

Trigger-threshold

0 200 400 600 800
0

20

40

60

Trigger-threshold

0 200 400 600 800
0

50

100

100 MUs

300 MUs

800 MUs

A
m

p
lit

u
d

e 
er

ro
r 

 (
%

)
C

o
n

tr
ac

ti
o

n
 t

im
e 

er
ro

r 
 (

%
)

H
al

f r
el

ax
at

io
n

 t
im

e 
er

ro
r 

 (
%

)

B

A

C

Dideriksen & Negro, Figure 5

 
 

 

0

10

20

30

40

0

10

20

30

40

50

60

0

20

40

60

80

100

120

140

A
m

p
lit

u
d

e 
er

ro
r 

 (
%

)

C
o

n
tr

ac
ti

o
n

 t
im

e 
er

ro
r 

 (
%

)

H
al

f r
el

ax
at

io
n

 t
im

e 
er

ro
r 

 (
%

)

BA C

Dideriksen & Negro, Figure 6

 


